This study aimed to develop a late-life dementia prediction model using a novel validated supervised machine learning method, the Disease State Index (DSI), in the Finnish population-based CAIDE study. Methods: The CAIDE study was based on previous population-based midlife surveys. CAIDE participants were re-examined twice in late-life, and the first late-life re-examination was used as baseline for the present study. The main study population included 709 cognitively normal subjects at first re-examination who returned to the second re-examination up to 10 years later (incident dementia n = 39). An extended population (n = 1009, incident dementia 151) included non-participants/nonsurvivors (national registers data). DSI was used to develop a dementia index based on first re-examination assessments. Performance in predicting dementia was assessed as area under the ROC curve (AUC). Results: AUCs for DSI were 0.79 and 0.75 for main and extended populations. Included predictors were cognition, vascular factors, age, subjective memory complaints, and APOE genotype.
INTRODUCTION
Dementia prevention is a high public health priority. With many reported modifiable risk factors [1] , 1056 
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to target the most relevant risk factors for a specific individual or group.
Several dementia prediction models have been reported [5, 6] . Model development has been based mainly on a data analytical approach (logistic or Cox proportional hazards regression analyses), and in one case on an Evidence-Based Medicine approach [5, 7] . The increasing number and complexity of factors and biomarkers related to dementia risk, and limitations in visualizing and interpreting individual risk profiles represent major challenges for such methods of developing dementia prediction models.
One of the few validated dementia risk scores [8, 9] has already been used to select at-risk elderly from the general population participating in a successful prevention trial [2] , and is available for use with both pen-and-paper and computer-based technology (mobile app, online tool) [10] . The usefulness of computerized dementia prediction tools for prevention-related decision-making is only starting to be explored. As comprehensive online prevention research resources and e-Health solutions are starting to be developed for both health care professionals and general public (e.g., Brain Health Registry, multinational data discovery and sharing platforms, internet-based prevention trials [11] , clinical decision support systems integratable with electronic health records [12] ), it is increasingly important to find suitable methods for developing, updating, and easily visualizing and interpreting complex dementia risk profiles.
The Disease State Index (DSI) is a supervised machine learning method designed for practical implementation as a clinical decision support system [12] . DSI has been extensively tested and shown to perform well in the context of improving early diagnosis of Alzheimer's disease and differential diagnosis of neurodegenerative diseases [12] [13] [14] [15] [16] [17] [18] [19] [20] . However, the use of DSI in a public health/dementia prevention context has so far not been investigated, i.e., predicting dementia in a general population without cognitive impairment. Compared to previously used methods for developing dementia risk scores [5] , the main strengths of DSI are its ability to deal with larger amounts of heterogeneous data, to handle missing data well, and to use unprocessed data (i.e., without any pre-specified cut-offs for clinical or biomarker variables). In addition, DSI is accompanied by the Disease State Fingerprint (DSF), a method for presenting DSI data in an easily and quickly interpretable visual form. The present study aims to develop a late-life dementia prediction model using DSI in the longitudinal population-based CAIDE study.
MATERIALS AND METHODS

The CAIDE study
The CAIDE study has been previously described in detail [21] [22] [23] . In brief, participants were first evaluated at midlife (1972, 1977, 1982, or 1987) in cardiovascular surveys. A random sample of 2,000 individuals aged 65-79 at the end of 1997, and living in or close to Kuopio and Joensuu regions in Eastern Finland were invited for a first late-life re-examination in 1998 (Fig. 1) . Altogether 1,449 (72.5%) individuals participated. A second late-life re-examination was conducted in [2005] [2006] [2007] [2008] . Of the initial 2,000 persons, 1,426 were still alive and living in the region in the beginning of 2005, and 909 (63.7%) participated. Mean age (SD) was 50.6 (6.0) years at midlife, 71.3 (4.0) years at the first re-examination, and 78.6 (3.7) years at the second re-examination. The CAIDE study was approved by the local ethics committee of Kuopio University Hospital and written informed consent was obtained from all participants.
In both late-life re-examinations, cognition was assessed using a three-step protocol (screening, clinical, and differential diagnostic phases). In 1998, participants with ≤24 points on the Mini-Mental State Examination (MMSE) [24] at screening were referred for further evaluations. In 2005-2008, subjects with ≤24 points or decline ≥3 points on MMSE, <70% delayed recall in the CERAD word list [25] , or with informant concerns about the participant's cognition were referred for further evaluations. In both re-examinations, the clinical phase included detailed medical and neuropsychological assessments, and the differential diagnostic phase included brain imaging (MRI/CT), blood tests, and if needed cerebrospinal fluid analysis.
A review board including the study physician, neuropsychologist, a senior neuropsychologist, and a senior neurologist ascertained the primary diagnosis based on all available information. Dementia and mild cognitive impairment (MCI) diagnoses were made according to established criteria [26] [27] [28] .
Design of the present study
The present study focused on CAIDE participants without dementia or MCI in 1998 (first late-life re-examination, used here as baseline). The main study population included 709 individuals who also participated in the 2005-2008 re-examination (39 diagnosed with dementia). Mean follow-up (SD) was 8.3 (1.0) years. To account for non-participants/non-survivors in [2005] [2006] [2007] [2008] , an extended study population (n = 1,009) was defined using additional data on dementia diagnoses until the end of 2008 from the Hospital Discharge Register, Drug Reimbursement Register and Causes of Death Register [22] . Dementia cases in the extended population (n = 151) were defined according to CAIDE or register diagnoses (CAIDE diagnoses had priority, except when registers indicated dementia diagnoses after the second re-examination and before the end of 2008). Mean follow-up (SD) was 9.0 (1.4) years, and mean time (SD) to dementia diagnosis was 7.1 (1.9) years. Non-participants in 2005-2008 who had died without a recorded dementia diagnosis (n = 244) could not be classified as cases or controls and were excluded. Additionally 13 subjects without cognitive impairment in 1998 who had a dementia diagnosis in any register before the end of 2000 were excluded (they were considered too close to dementia onset).
Factors included in prediction models
Survey methods were carefully standardized and complied with international recommendations [29] . Cognitive performance in 1998 was included in prediction models. Five cognitive domains were assessed as previously described [30] : global cognition (MMSE), episodic memory (mean number of recalled words from three 10-word lists), verbal expression (one-minute animal naming test), psychomotor speed (mean of normalized scores from Letter Digit Substitution and bimanual Purdue Pegboard tests), executive functioning (time difference between the color word interference and naming tasks in the Stroop test), and prospective memory (reminding the investigator to make a phone call at the end of the testing session; score 1-4 from not remembering to remembering without reminders).
Vascular factors (to (blood pressure (BP), body mass index (BMI), waist-hip ratio, total cholesterol, high-density lipoprotein (HDL) cholesterol and triglycerides) were assessed at each examination. Assessments from 1998 were included in the basic model. Changes in BP, BMI, and total cholesterol from midlife to the first re-examination in 1998 were included in an additional model. Diagnoses of stroke, transient ischemic attack, myocardial infarction, coronary heart disease, atrial fibrillation, heart failure, or diabetes (Hospital Discharge Register) were combined into a dichotomous comorbidity variable.
Other assessments from 1998 used in the present study included data from a self-administered questionnaire on sociodemographic characteristics, medical history and health-related behavior, e.g., leisure-time physical activity, alcohol use, smoking, self-rated health, and fitness, feelings of hopelessness [31] , Beck Depression Inventory [32] , and Subjective Memory Questionnaire (SMQ) [33] .
Apolipoprotein E (APOE) genotypes were assessed from blood leucocytes using polymerase chain reaction and HhaI digestion [34] . APOE was modeled as a dichotomous variable (4 allele carrier/non-carrier), and also as an ordered variable (genotype 23 < 24 and 33 < 34 < 44) [35, 36] .
Disease state index and disease state fingerprint DSI has been previously described in detail [12, 13] . In brief, DSI is a validated supervised machine learning method that provides numeric index values ranging from 0 to 1. The DSI value is computed by comparing an individual to a previously known population (training data). The DSI value can be interpreted as the share of data corresponding to a subsequent dementia profile. DSI value 0 corresponds to an ideal control, and 1 to an ideal subsequent dementia case. Higher DSI values thus denote greater profile similarity to individuals known to subsequently develop dementia in the training population.
DSI values are computed in three steps. First, each measurement is compared with the training data using a monotonically increasing fitness function that provides a likelihood of the measured factor belonging to an individual who will develop dementia. The fitness as a function of measurement value x, is defined as f (x) =
FN(x) FN(x)+FP(x)
, where FN(x) is the false negative error rate and FP(x) the false positive error rate in the training data, when using x as the classification threshold. Second, the relevance of each measurement is calculated, indicating how well the measurement can discriminate between individuals who will develop dementia and those who will not. Relevance is computed as relevance = sensitivity + specificity − 1, where sensitivity and specificity are obtained by classifying the diagnosed population. Third, fitness and relevance values are combined into a composite factor group DSI value using a weighted average, where the fitness values are weighted according to their relevance: DSI = relevance × fitness relevance . The process of evaluating fitness and relevance and combining measurements into a composite group DSI are repeated recursively until an overall DSI value from all available data is obtained for the individual. DSI can process heterogeneous data, and the measured factors/biomarkers are structured into groups, e.g., different cognitive tests into a Cognition group or vascular factors into a Vascular group. A composite DSI value is calculated for each group based on the included individual factors. Grouping is thus useful for assessing the combined effect of conceptually related measurements, and it has other effects such as filtering out noise at group level, and ensuring that strongly correlated factors are not added into the model multiple times. Missing data does not affect model building as long as there is enough data for each factor to give a reliable distribution.
The DSF visualization gives a comprehensive overview of an individual's predictive profile [13] , showing which factors are most relevant and to what extent they correspond to a subject who will develop dementia. An example with explanations is shown in the Supplementary Material.
Data analysis
Differences between control and dementia groups were determined with Mann-Whitney U test for continuous or ordinal variables, and χ 2 test for other categorical variables. Significance level was set at p < 0.05. Only factors significantly different between control and dementia groups were preselected into the DSI model. Additional p-value significance thresholds for selecting factors into the model were also tested to assess effects on predictive performance.
Performance of DSI in predicting dementia was evaluated using a stratified cross-validation procedure. Analysis was performed using 50 × 5-folds. The performance of DSI was measured as the area under the receiver operating characteristic curve (AUC), by averaging AUCs from individual folds. DSI classification results were validated by comparison with a commonly used machine learning model, support vector machine (SVM), using the same data. Analyses were conducted using Matlab R2014a.
RESULTS
Population characteristics
Population characteristics in 1998 by dementia status until the end of 2008 are shown in Table 1 . In the main study population, individuals with subsequent dementia were older, had significantly poorer performance on four of the six cognitive tests, had lower systolic blood pressure (SBP) and diastolic blood pressure (DBP), higher frequency of cardio/cerebrovascular comorbidity and the APOE 4 allele, and more pronounced subjective memory complaints (total SMQ score and four items about forgetting phone numbers, clothing size, names of actors, and forgetting what to say in mid-sentence). SBP, DBP, and BMI decreased more between midlife and 1998 in subjects with subsequent dementia compared with controls.
In the extended study population, individuals with dementia were older, had significantly poorer performance on all six cognitive tests, higher frequency of cardio/cerebrovascular comorbidity and the APOE 4 allele, and more pronounced subjective memory complaints (total SMQ score and one item about forgetting phone numbers). No differences were found in SBP or DBP. Changes in DBP, total cholesterol, and BMI (but not SBP) between midlife and 1998 were different between controls and subsequent dementia cases. Table 2 shows AUCs (95% CI) for the composite DSI including factor groups Cognition, Vascular factors, Demographics, Subjective memory questionnaire, and APOE genotype (basic model). The composite DSI achieved an AUC of 0.79 (0.79-0.80) in the main study population, and 0.75 (0.74-0.75) in the extended study population. Training the DSI on the entire main or extended population and using it to classify the same cases yielded AUCs of 0.84 and 0.76, respectively.
Performance of DSI in predicting dementia
There was an overall pattern of similar to somewhat lower AUCs for individual factors and factor groups in the extended population compared with the main study population. ROC curves for the composite DSI in both populations are shown in Fig. 2 . Accuracy, sensitivity and specificity for different composite DSI cut-off values are shown in Table 3 .
AUC (95% CI) for the composite DSI including the basic model plus changes in vascular factors from midlife to late-life are shown in Table 2 . There was a slight increase in AUCs for composite DSI compared with the basic model. AUCs for changes in vascular factors considered together were slightly higher than AUCs for the group of late-life vascular factors, and this difference was most pronounced in the extended study population. Change in BMI had the highest AUC (0.68) for both main and extended study populations. Table 4 shows the effects of p-value threshold filtering on the number of factors included in the prediction model, and on AUCs (95% CI) for the composite DSI. Analyses focused on p-values from Mann-Whitney U-tests comparing controls and subsequent dementia Table 1 Characteristics of the study populations 
Sensitivity analyses
<0.001
All shown characteristics were assessed at the first late-life re-examination (1998), except for Changes in vascular factors, which show differences between 1998 and midlife (21 years earlier).
Values are means (standard deviations) unless otherwise specified. For Cognition, higher results indicate better performance, except for executive functioning where lower results indicate better performance. Physical activity was assessed as 6 ordered categories: 1 = daily; 2 = 2-3 times a week; 3 = once a week; 4 = 2-3 times a month; 5 = a few times a year; and 6 = not at all. Alcohol use was assessed as 3 ordered categories: 1 = monthly; 2 = less than monthly; and 3 = not at all. Self-rated health and fitness were assessed as 5 ordered categories: 1 = very good; 2 = good; 3 = satisfactory; 4 = relatively poor; and 5 = very poor. For hopelessness, higher score indicated less hopelessness. For BDI (Beck Depression Inventory), higher score indicate more pronounced depressive symptoms. In the Subjective Memory Questionnaire, each question had 4 ordered answer categories: 1 = never; 2 = sometimes; 3 = often; and 4 = almost all the time (i.e., higher score indicates more pronounced memory complaints). Only questions with significant differences between groups are shown here. Values are AUC (95% CI) for the composite DSI, factor groups (Cognition, Vascular factors, Demographics, Subjective memory questionnaire, and APOE genotype), and individual factors within each group. In the basic model + changes in vascular factors from midlife, the total DSI value includes all factors and factor groups from the basic model plus the Vascular changes group. Only factors with significant differences between control and dementia groups (as per cases, and on factors showing significant differences at various p-value thresholds. Results suggest that the model is not improved after adding variables with p > 0.01. Additional analyses were conducted to account for previously described J-or U-shaped associations between BMI, BP, cholesterol, and dementia [1] (the current DSI version includes a monotonically increasing fitness function). Dichotomous variables were created for values higher or lower than chosen cut-offs for BMI, BP, and total cholesterol, and the variables were added to the models to investigate the significance of the distribution tails. Several cut-offs were tested, but the combined predictive performance of these variables was low and did not affect the overall performance of the model (results not shown).
Results were validated by comparison with a SVM classification, trained with a linear kernel using the same set of factors and cross-validation procedure. We used the MATLAB fitcsvm function with parameter values that empirically gave the best results (kernel scale 10 3 and box constraint 10 −3 for both models). Population mean values were used for missing values, and factors were entered into the model as individual standardized values. The SVM achieved an AUC of 0.77 (0.76-0.78) for the main study population, and 0.74 (0.73-0.74) for the extended population, a slightly lower performance compared with DSI.
DISCUSSION
The late-life DSI dementia index developed using a supervised machine learning method performed well in predicting dementia up to 10 years later in an older general population without MCI or dementia at baseline. Performance was in the upper range p-values calculated from Mann-Whitney U-tests comparing controls and subsequent dementia cases were used for the thresholds shown. Only factors showing significant differences between groups below a specific threshold are included in the model and factors not showing significant differences are filtered out of the model. of reported performance for previous dementia risk scores [5] , and close to the performance level of established risk scores for cardiovascular conditions [4, 37, 38] . The late-life DSI dementia index and midlife CAIDE Dementia Risk Score, both developed within the CAIDE study but with very different methods, had similar predictive power [8, 9] . As emphasized by a recent multidomain vascular care trial to prevent dementia [39] , preventive interventions may not be effective in unselected older populations. A risk-based selection could facilitate targeting preventive interventions to individuals who are most likely to benefit. The midlife CAIDE Dementia Risk Score has been used for this purpose in another population-based multidomain lifestyle trial that showed significant beneficial intervention effects on cognitive performance [2] . However, the selection required data pre-processing according to pre-set cut-offs, and additional cognitive testing referenced to population norms (separate from the dementia risk score). The late-life DSI dementia index could facilitate faster and more detailed risk assessment, with easier to interpret individual risk profiles, thus enabling risk-based selection of target populations, and also potential tailoring of preventive interventions based on the most relevant risk factors. Such advantages derive from the ability of DSI to quickly handle large amounts of heterogeneous data in raw form (i.e., as collected from subjects), and the provision of DSI data to human readers in an easily interpretable visual form. While many available classifiers process data as a 'black box' requiring machine learning expertise to scrutinize, DSF clearly discloses the factors contributing to the results, and supports clinical judgment by highlighting what is most relevant. Such characteristics are particularly important for dementia risk assessment tools in the context of recent database developments such as large population-based online Brain Health Registries, multinational data discovery and sharing platforms, or internet-based prevention trials [11] . 
Factors included in the DSI index
A large number of heterogeneous factors were tested in the present study, and DSI performed well in identifying the main types of late-life risk factors related to subsequent dementia: objective and subjective measures of cognition, age, vascular factors, and APOE genotype, in overall agreement with previous studies using other statistical methods [5] . Detailed, factor-specific comparisons with available dementia risk scores are difficult because these have often preprocessed raw data according to different cut-offs, and/or combined variables in different ways, leading to variability in individual factors and their weights. However, some general patterns can be observed.
Long-term (i.e., decades) dementia prediction models tend to differ from shorter-term (i.e.,<10 years) prediction models, and they also tend to perform poorly when applied outside the age groups they were designed for [5, 6] . The relatively long pre-clinical stage of dementia-related diseases (e.g., Alzheimer's disease or cerebrovascular disease) is a major challenge for dementia risk scores, particularly at older ages [5, 6] . The links between risk factors and dementia development can be bidirectional, i.e., a factor may increase dementia risk, but it may also be influenced by ongoing disease processes once the dementia-related disease starts [1] . While the mechanisms are not yet fully clear, a pattern of more pronounced decline in, for example, BP, BMI, and total cholesterol from midlife to late-life has been consistently described in people who subsequently develop dementia [1] . Whereas traditional vascular risk factors (e.g., high BP, BMI, and/or total cholesterol) are important for midlife dementia risk scores, their predictive value decreases in late-life risk scores (some of which may even include low BP and/or low BMI as predictors) [1, 5] . AUCs for the vascular factors group in the DSI dementia index are in agreement with this pattern. Interestingly, group AUCs for changes in vascular factors prior to baseline were slightly higher that group AUCs for vascular factors at baseline in the DSI model. Declining BMI from midlife to late-life was the most important predictor in the vascular changes group, while BMI in late-life was not predictive of subsequent dementia. The predictive value of one-time late-life measurements versus midlife-to-latelife changes has so far not been investigated in late-life dementia risk scores.
However, overall performance of the DSI dementia index was not greatly affected by leaving out changes in vascular factors. The most important predictor was cognitive performance, which is perhaps not surprising for late-life dementia risk scores [5] . Cognitive performance was also more predictive of subsequent dementia than age. As our study focused on individuals aged 65-79 years, it remains to be determined whether this finding applies to other age groups or populations. APOE genotype had the lowest AUCs compared to the other groups of factors included in the DSI models. While in some previous dementia prediction models APOE genotype appeared to be somewhat informative, other models have excluded it as not informative enough [5] .
Strengths, limitations, and future directions
The main strengths of the present study are the population-based design, long follow-up time, and detailed late-life cognitive assessments at two time points, thus increasing diagnostic accuracy. Mortality and non-participation were at least partly taken into account by including both the main population (survivors/participants) and extended population (additional register dementia diagnoses for nonsurvivors/non-participants) in analyses. Results for both populations were relatively similar, although in the extended population AUCs tended to be somewhat lower, and some factors were excluded from the models. Individuals who do not participate in studies or die during follow-up usually have poorer health, and are more likely to either develop dementia or die at younger ages, before dementia onset.
Although dementia diagnoses in Finnish national registers were accurate (positive predictive values above 90%), their combined sensitivity was around 70% [22] , thus underestimating the actual number of cases. Also, individuals who died without recorded dementia diagnoses had to be excluded from analyses.
The comorbidity variable used in DSI models was based on Hospital Discharge Register diagnoses, thus including only cardio/cerebrovascular conditions severe enough to require hospitalization (data on pharmacological treatment and conditions diagnosed in outpatient clinics were not available). Also, brain MRI measurements were not included in the present study due to insufficient sample size. A previous late-life risk index including MRI measurements had somewhat better predictive performance (AUC 0.81) [40] , but the shorter version without MRI had similar predictive performance to DSI (AUC 0.77) [41] .
The present study tested many heterogeneous factors, and results from p-value thresholds filtering analyses indicated that the DSI dementia index benefited from selection of factors. DSI was originally built with the assumption that all included factors are already established as likely classifiers, and their effectiveness is ranked by relevance. If several factors with unclear predictive value for dementia are included, the need for factor selection arises. A large amount of poor classifiers with little relevance can overpower the factors with higher relevance and skew the final results. Also, if the training groups are too small, a non-significant difference between controls and cases can lead to a higher relevance by chance.
The late-life DSI dementia prediction model was designed for shorter-term dementia prediction (up to 10 years). External validation is needed to verify its predictive performance. Long-term predictive performance will also need to be tested. In addition, analyses of changes in overall risk level over time are essential for determining whether the DSI dementia index can be used for longitudinal risk monitoring and assessing response to preventive interventions.
Conclusion
DSI performed well in identifying comprehensive profiles for predicting dementia development up to 10 years later. The DSI dementia index could thus be useful for identifying individuals who are most at risk and may benefit from dementia prevention interventions. The detailed and visually easy to interpret individual risk profiles may also facilitate tailoring of preventive interventions based on the most relevant risk factors.
